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Abstract: There are lots of ways to perform object recognition. This paper is part of a project
studying object recognition. The project is intended as a starting point to further learning about
object recognition. Therefore, moment invariants are studied as a good starting point. Hu moment
invariant methods and Zernike moment invariant methods are implemented and compared. Zernike
moment invariants are shown to outperform Hu moment invariants.
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Introduction

I n just a few years following the inception of computers, scientists became fascinated by the possibility of building
intelligent machines—machines that can think and behave like humans and become part of our lives. In 1950, Alan
Turing, one of the fathers of artificial intelligence, suggested that the ability to understand the visual world is a
prerequisite for such machines. In conjunction with this goal, many methods have been developed to allow machines to
understand the visual world. One of the earliest and most used methods is moment invariants.
This paper is an effort to understand the vision systems that can recognize external objects through optical devices to
enable a computer-vision approach, and was initiated by extensively studying two moment invariant types for image feature
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extraction.

Moment invariants were chosen because they are one of the earliest methods employed to perform object recognition,
and they have been continuously developed; thus they have significant history and influence on the object recognition field.
Furthermore, they are one of the most important and most used methods in the field [2]. Therefore, studying this type of
shape descriptor is a good starting point for providing an appropriate background in object recognition.

In this paper, Hu and Zernike moment invariants are implemented and compared. Hu moments were chosen because
they are the earliest method that performed object recognition using moments. Zernike moments were chosen because they
are one of the best descriptors in terms of overall performance, as explained by Teh and Chin [1].

Section 2 describes moments, including geometric moments, complex moments, and orthogonal moments. Section 3
explains Hu moments, with Zernike moments explained in Section 4. Section 5 discusses the image database, and Section 6
discusses ideas in object recognition. Results are shown in Section 7, and Section 8 concludes the paper.

Moments

Flusser et al. [2] define moments as scalar quantities used to characterize a function and to capture its significant features.
Furthermore, they provide clearer and convenient definition of moments [2]:

Definition 1: By an image function (or image) we understand any piece-wise continuous real function f{x, y) of two

variables defined on a compact support 1) < RxR and having a finite nonzero integral.

Definition 2: General or regular moment M, of an image f{x,y), where p, g are non-negative integers and » = p+gq, is
called the order of the moment, defined as as the formula in Appendix (1), where p,,(x,)) are polynomial basis functions
defined on D, and p,q are 0, 1, 2, 3... . When we say third order moment, that could mean m;,, mg; m,;, or m;,. Depending
on the polynomial basis used, there are various systems of moments.

Bl Geometric and complex moments

If we use pp,(x.y) = x")/ as the polynomial basis, we will have geometric moments in Appendix (2):
Low-order geometric moments have their own unique meaning; for example:
°  myis the mass of an image. For a binary image, it is the area of the object.
°  myy/myyand m;¢/my, is the coordinate of the center of gravity, or centroid, of an image.

*  myyand my, define the moments of inertia of an image.

Any image function has geometric moments of all orders and is finite. The image function can be reconstructed from
the set of its moments [2]. An example of algorithms defined over geometric moments would be Hu moment invariants. If

we use Py (x,y) = (x + iy)"(x-iy), where i is the imaginary units, we will have complex geometric moments in Appendix (3):
Geometric moments and complex moments carry the same amount of information. Complex moments are introduced
because they behave favorably under image rotation [2].

Hl Orthogonal moments

If the polynomial basis p,,(x,y) is orthogonal, i.e. if its elements satisfy the condition of orthogonality, the orthogonal
moments will be the formula in Appendix (4) or weighted orthogonally as defined in Appendix (5).

For any indexes p # m or g # n, and Q as the area of orthogonality, then we have orthogonal (OG) moments. Unlike
geometric moments, OG moments are coordinates of f on a polynomial basis in the sense commonly used in linear algebra.
Thus, reconstruction of OG moments can be performed easily in the spatial domain. On the other hand, image
reconstruction from geometric moments cannot be performed directly in the spatial domain. It is carried out in the Fourier
domain [2].

Hu Moments
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Hu (1962) defined seven moment invariants from geometric moments that are invariants to rotation. The seven features are
shown in Appendix (6).

In order to make the features translation and scaling invariants, we need to substitute the geometric moment with the
normalized central moment. The #,, notations used above are called normalized central geometric moments. As the name
suggests, in order to obtain these moments, we need to obtain the central moment, u,,, from the geometric moment and then
compute the normalized moment, 7,, from this central moment. Thus, we will obtain translation, scaling and rotation
invariant features.

A two-dimensional (p+q)-th order general geometric moment of an M x N image is defined (in the discrete domain) as:

Moy = (x)" () fx ) (1)

In a binary image, an area of an object, or the contour in this case, is held by mgy. The contour's centroid then can be
calculated from:

R @
My My,

where x and y are points on the x and y axes, respectively. Using this centroid, we can transform the moment mentioned
earlier into a translation invariant moment by redefining it into a central moment, defined as

/@fgéiyzj@‘fy'b—?ff@w) G

A normalized central moment is scale invariant. Therefore the central moment can be transformed into a normalized
moment by

y=[(p+q)/2]+1 )
Moy = My ! Ho

Finally, to make the moment orientation (rotation) invariant, we simply use #,, 0n Hu’s seven features above instead of
a standard geometric moment.

Hu described M; to M4 as absolute orthogonal invariants (independent of position, size, and orientation) and M; as a
skew orthogonal invariant (useful in distinguishing mirror images). These features are capable of recognizing simple
objects, such as a character in Hu's experiment.

To provide a proof of the rotation invariance, two of Hu's moments from human contour images, shown in Figure 1, are
calculated. In Figure 1 on the right is a 90-degree rotation of the figure on the left. From Table 1 and Figure 1, Hu's
moments are perfectly equal for M; to M. M, is different because it is a feature of a skew invariant, whereas the rest are
used for position, size and rotation invariants. One thing that should be noted is that Hu's moments only cover 2D invariants.
Impressions of 3D invariant images of an object viewed from different angles should be provided in the image database.

Figure 1. Original shape (left), rotated shape (right)

Since Hu moments are the earliest type of moments used in the object recognition field, they already have many
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applications in the real world. Mercimek et al. [3] in their experiment, tried to recognize three 3D objects. An object was
rotated along the y-axis and photographed with every 5° rotation from 0° to 360°. They used some modification of Hu's
moment invariant formula by introducing the distance between the object and the camera and the moment function
oscillation radius. Using multi-layer perception with three output nodes, they classified the training data with 100%
accuracy.

Table 1. Hu result example
‘ \ M1 M2 M3 M4 M5 M6 | M7 \
| Original \ 3.7841405 | 8.7173354 = 0.6875092 | 0.0230276 - 0.0028530 -0.0063362!
Rotated 3.7841405 | 8.7173354 | 0.6875092  0.0230276  -0.0028530 = -0.0543932  0.0012996 |

Mao and Huang [4] used the moment eigenvector of a head-shoulder contour as the back-propagation neural network
input for human identification by building a 2D model of the human head-and-shoulders. By adopting the partial contour
human shape rather than whole features, they had better classification when solving the issue of the loss of property arising
from human occluded easily in practical applications.

Zernike Moments

The two-dimensional Zernike moments, 4,,, of order n with repetition m, of an image f{p,6) are defined as:

n+1xM1y N-1

— 2 2 /oy, (p0)p< (5)

x=0  »=0
where:
*  (p, 6) is a polar coordinate,
° V', is acomplex conjugate,
«  p=+/x>+* and O =arctan(y/x),
. V a is a complex polynomial defined inside a unit circle with the formula:
V,.(p.0)= R, (p)exp(jm0) ®)

where:
° pSIand .]: “_1

R - (p) is a radial polynomial, which can be generated using:

B nf‘m‘/2 . (n_S)/ )

1) +|m n—|m .
2 () ’

°  nisapositive integer, m can be a positive or negative integer,

(imaginary unit).

-2s @)

where:

*  n-|m|iseven, |m| <=n.
In order to reconstruct the original image f{x, y) from the calculated Zernike moment features, this function is employed:

ZZAM o (®)

p=04¢=0
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The magnitude of Zernike moments of a rotated image is similar to those before rotation [5]. Thus, |4,,| can be used as
rotation invariant features of an image. However, Zernike moments are designed for rotation invariants only; in order to
make translation and scaling invariants, image normalization needs to be performed.

To achieve translation normalization, the regular geometric moment of each image is used (m,,). Translation invariance
is achieved by transforming the image into a new one whose first order moments, m,; and m;,, are both equal to zero. This
is done by transforming f{x, y) into f{x+x, y+y), where x and y are the image centroid point.

Scaling invariance is achieved by transforming the original image f{x, y) into a new image f{ax, oy), where

o=,/ ﬁ / my, , B is a predetermined value, and my, is the zero-th order moment of the original image, which is the object's

area in a binary image.

An example of Zernike moment application is seen in Tripathy [6]. He developed an optical character recognition (OCR)
system by first focusing only on reconstruction of the Indian Oriya alphabet using Zernike moments. It was shown that the
reconstructions are quite similar to the original images using Zernike moments of order 30.

Image Database

The image database consists of two categories: testing and training. The training image consists of N class object types,
each represented by one image. The training images are not varied for each object type because here we wanted to test the
real capability of Hu moments and Zernike moments. Adding variations to the training images will help the algorithms and
thus compensate for their inaccuracies.

The test images consist of N x V images, where V' is the number of variations of each image class. These N x } images
will undergo translation, scaling, and/or rotation transformation.

This project uses a grayscale Amsterdam Library of Object Images image database retrieved from
<http://staff.science.uva.nl/~aloi/>. It is a collection of 1000 small objects recorded for scientific purposes.

From this database, two sample image databases are taken, each consisting of 10 and 50 images representing different
classes of objects. Each image was resized to 144 x 144, preprocessed, and then each was subjected to affine
transformations (translation, scaling, and rotation) to create nine new test images for each training image. Therefore, we
obtained 90 images (from the sample of 10) and 450 images (from the sample of 50). The transformations are as follow:

*  Rotated 30°, 140°, 250°, 325°.

*  Translated 20 pixels on both axes.

*  Scaled 1.2 times.

*  Rotated 45° and translated -15 pixels on both axes.
*  Rotated 45° and scaled 1.5 times.

°  Rotated 50°, translated 10 pixels on both axes and scaled 1.3 times.

Classification

According to Friedman [7] there are six classifiers: decision functions, minimum-distance classifier, statistical approach,
fuzzy, syntactic approach, and neural nets. The K-nearest-neighbor algorithm is in the minimum-distance classifier type.

Consider m classes C; where (j = 1,2, ..., m) and a set of N sample patterns y; where (i = 1,2, ..., N) with classification
classes already known. Let x denote an input testing pattern. The nearest-neighbor classification approach classifies x in the
class C;if a y; in min|x - y;| for 1 <= i <= N belongs to C;. The K-nearest-neighbor group K class with the closest distance
from x and select the majority to be the class of x.

In our context, x is a 1-by-7 vector with the seven Hu moment invariant values as elements (in the case of Hu moments),
or 1 by Feature Max (in the case of Zernike moments). There will be N classification classes, and the value of K is
determined by trial-and-error. Here, K is set to 1, because we only have 10 training images, each of which represents one
class.

Experiment Analysis and Discussion

In this experiment, classification results from Hu moment invariants and Zernike moments are compared. For this
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comparison scheme, two results are seen from the two sample databases (10 classes and 50 classes), and the order of the
Zernike moments will be varied. Also, a reconstructed image of each order will be given.

For the first sample database (10 classes), after the program was run, it was shown that the classification using Hu
moments yielded 100% accuracy. Table 2 shows the classification results of using Zernike moments. For the second sample
database (50 classes), Hu moments yielded 98% accuracy (9 errors). The results of the Zernike moments are shown in Table
3.

From these two observations, we can see that Zernike moments provide better accuracy than Hu moments as the order
increases. These unfixed orders allow adaptability and flexibility of Zernike moments for a system (which is desirable),
unlike the fixed order of Hu moments. Furthermore, other results that can be produced are reconstructions. Figure 2 shows
the extracted Zernike moment features of two sample images.

After seeing the results of the classification and the reconstruction, we can see that lower-order Zernike moments
contain the rough shape of the objects, and higher-order moments contain more detailed information.

Table 2. Classification results using Zernike moments (10 classes)

‘ Order ‘ Zernike Moment Errors Accuracy (%)
\ 5 \ 12/90 86.67 %
\ 6 \ 4/90 95.56 %
\ 7 \ 1/90 98.89 %
\ 8 \ 0/90 100 %
\ 9 \ 0/90 100 %
\ 10 \ 0/90 100 %

Table 3. Classification results using Zernike moments (50 Classes)

Order Zernike Moment Errors Accuracy (%)
5 35 92.22 %
6 8 98.22 %

Original

Order 5 Order 10

Order 15 Order 25 Order 35

Figure 2. Extracted Zernike moment features
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Conclusion

The objective of this project was achieved from seeing the experiment results, showing that Zernike moments are more
accurate, flexible, and easier to reconstruct than Hu moments. The accuracy of Zernike moments is achieved by increasing
the order of the moments. Flexibility means that we can choose the optimal order value for a system.

It is true that, in some cases, both Hu and Zernike moments achieved the same result. However, it has to be noted that

the original image cannot be directly reconstructed from the Hu features. Even when we get the geometric moments, we
have to transform it first into a Fourier domain.
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Appendix

M

2

3)

“

&)

(6)

M, = [[ p,,(x.y)f (s y)dxdy

m,, = T Txpyqf (% doxdly

Cpg =T T(xﬂy)” (x—iv)" f(x y )dxddy
.Upﬂq(x’y)'Pmn (x,y )dxdy =0
.U w(x,y)- ppq(x’y)'pmn(x:y)d?fdy =0

Q

M, = (’720 +7702)’

M, = (’720 _’702)2 +477121’

M, = (7730_37712)2 +(37721 _’703)2’
M,= (7730 +’712)2 +(’721 +’703)2’
M= ’730_3’712)2(’730 +’712)|_(’730 ""712)2 _3(7721 +7703)2_|

M, = (7720 - ’702)[(7730 +’712)2 - (’721 +7703)2J+4’71 1(7730 +7712)(’721 +7703)’
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